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INTRODUCTION
Predictability of stock returns from the perspective of financial anomalies is an interesting topic to explore for financial researchers. This paper explores the predictability of Indian stock market on the basis of risk premium, value effect and momentum effect. Despite of the existance of papers that explain the predictability of stock returns on the basis of investor sentiment proxies (Baker and Wurgler, 2000; Brown and Cliff, 2004; Bandopadhyay and Jones, 2006) there are very few work that explains the predictability of Indian stock market from the context of asset pricing models, and financial anomalies. In this paper, we considered risk premium (Sharpe, 1964; Lintner, 1965) value effect (Chan et al., 1991) and momentum effect (Jegadeesh and Titman, 1993) for exploring the predictability of Indian stock market.
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Our study is based on Indian security market data. We considered the Fama and French (1992) three factor model along with the momentum factor as developed by Carhart (1997) . We applied the four factor Carhart model on Indian stock market data to see if they are really useful in predicting the Indian stock market. The result of our empirical study shows enough predictability power of the momentum effect (WML), value effect (HML) and risk premium (rm-rf). As we did not find much significant correlation between size effect (SMB) and the market return, therefore the predictability of size effect is not considered in this paper.
Our primary question is, whether the risk premium, size effect and the value effect are really capable of predicting the future market returns. The validation of the model also corroborates the impact of financial anomalies on future stock market returns.
LITERATURE REVIEW AND MOTIVATION
Behavioral finance has emerged as a fresh approach to address the anomalies of traditional finance theory.
Behavioral finance theories does not consider the assumption of rational participants. Empirical results show that the efficient market hypothesis often may not be able to explain the financial phenomena e.g. firm characteristics such as size effect and value/growth stocks, Long -run reversals, short-term momentum etc.
The original capital asset pricing model (CAPM), as proposed by Sharpe (1964) ; Lintner (1965) and Mossin (1966) assumes that investors are rational creature and the relationship between asset betas, and expected return changes in a linear fashion. Fama and French (1992) challenged this view by demonstrating that beta is unrelated to asset return. A behavioral explanation of this phenomenon is the role played by 'noise traders' in the market. 'Noise' trading or unsophisticated trading often takes place due to optimistic or pessimistic beliefs or sentiments by unsophisticated traders (Black, 1986) . According to Antoniou et al. (2015) noise traders' activities affect the high beta stocks more at the time of optimism.
Value effect was first noted by Basu (1977) who observed that firms having high earning/price ratio (E/P) earn higher return than estimated by CAPM. Similarly, later on researchers discovered that stocks with high Book value / market value (B/M), Cash flow / price (C/P) also earns abnormally high return compared to those having lower E/P, B/M, and C/P (Banz, 1981; Lakonishok et al., 1994; Fama and French, 1998) .
One behavioral explanation for value effect is linked to investor irrationality, which leads to abnormal earning by high B/M portfolios. According to Lakonishok et al. (1994) .
investors make error in expecting future earnings on growth and value stocks. They become overoptimistic about the past good performers, and also over pessimistic about the past poor performers. This leads to over pricing of growth stocks and under pricing of value stocks. The views expressed by Lakonishok et al. (1994) also supported by empirical evidence (La Porta et al., 1997; Skinner and Sloan, 2002) .
Another important financial anomaly called momentum effect is first noticed by Jegadeesh and Titman (1993) .
They found stocks that generated high return over the past three to twelve months (winners) outperform the stocks that generated low returns (losers) over the next three to twelve months.
Momentum effect found ample empirical support both at industry level as well as in international markets (Rouwenhorst, 1998; Moskowitz and Grinblatt, 1999; Griffin et al., 2003; Griffin et al., 2005) . The behavioural explanation of momentum effect is based upon investor psychology and market inefficiency (Barberis et al., 1998; Daniel et al., 1998; Hong and Stein, 1999) . 'Conservatism bias', 'representative heuristic', and 'self-attribution bias' are considered responsible for momentum effect (Barberis et al., 1998; Daniel et al., 1998) .
Momentum profits are attributed to the bounded rationality of investors, who use partial information when updating their information (Hong and Stein, 1999 ). An argument is momentum profits arise only under optimism, and are driven principally by strong momentum in losing stocks (Antoniou et al., 2013) . Fama and French (1993) proposed a three factor model to capture the average returns associated with US markets.
In this regression equation, Ri(t) is the return on asset i for month t, and Rf(t) is the risk free rate. SMB(t) explains the size effect on stock returns, and is the difference between the returns on diversified portfolios of small stocks and big stocks. HML(t) represents the value effect. It is the difference between returns on diversified portfolios high book-to-market (value) stocks and low book-to-market (growth) stocks. Carhart (1997) further added momentum effect to equation (1), Ri(t) -Rf(t) = αi + bi (Rmt -Rft) + si SMB(t) + hi HML(t) + wi WML(t) + ei(t) ---------- (2) In equation (2), the difference of past returns between winners' portfolio and the losers' portfolio for month t is termed as WML. WML represents the momentum effect of stocks returns. Fama and French (1992) and Carhart (1997) proposed the model on the basis of US market data. Fama and French (2012) also examined the size, value, and momentum effect in international markets.
Pandey and Sehgal (2016) examined the size effect in Indian market. Their study shows evidence of strong size effect in Indian stock market. Sehgal and Jain (2011) also tasted the momentum patterns in Indian market. Their finding shows momentum profits in Indian context for prior return portfolios are stronger for 6-6 compared to 12-12 strategies. Sehgal and Tripathi (2007) also identified significant value effect in Indian market.
Though there are studies in India that demonstrates existence of size, value and momentum effect in Indian market, there are few studies that explores on the issue of predictability on the basis of asset pricing models. Our paper adds to the existing literature by exploring the predictability of Indian stock markets by using the asset pricing model. So, the literature provides ample evidence that value effect and momentum effect results from the behavioural anomaly of investors. Our motivation behind this paper is to explore if the value effect and momentum effect may be used for predicting the future stock market returns.
Despite the existing literature documents that investor sentiment exhibits certain degree of predictability of stock returns, few studies address the issues with respect to the Indian stock market return. This paper attempts to shed light on how financial anomalies can help to enhance our understanding of stock price behaviour when it plays various roles in the asset pricing models from the perspective of Indian market.
The purpose of this paper is to propose new directions of the roles of investor sentiment that researchers could adopt in the analysis of the explanatory power of value effect and momentum effect for stock price behaviour.
RESEARCH OBJECTIVE AND METHODOLOGY
The objective of this paper is to assess the predictability of stock returns in relation to the investor sentiment.
To achieve this objective, we investigated the role investor sentiment may play in asset pricing. The paper aims to examine the ability of momentum and value premium in predicting the stock market returns. As discussed earlier, in literature, there is ample evidence that investor sentiment captures the momentum and value premium.
In this paper, we considered the WML, HML, and market premium as independent variable and examines the efficacy of investor sentiment as predictors of stock market returns. This paper seeks to understand the effect of investor sentiment on the predictability of stock returns. As discussed earlier, WML, HML, and market premium possesses a behavioral explanation to explore.
To achieve the abovementioned objective, we started with Capital asset pricing model (CAPM), and then added two extensions to it. The first one is the momentum factor as documented by Jegadeesh and Titman (1993) and the second one is the value permium.
The momentum factor is represented by winners-versus-loser (WML) portfolio. And the value premium is represented by high-minus-low (HML) portfolio. We considered the Nifty 50 as a proxy for market portfolio.
Sample Composition
The secondary data of Nifty used in this analysis has been collected from the website of National Stock Exchange of India (NSE) (www.nseindia.com). The data for SMB, HML, WML, and Risk Premium is sourced from As the sample size is high (>40), therefore the normality test is not a pre-requisite for applying parametric tests (Elliott and Woodward, 2007) . Therefore, normality test is not mandatory in this case. However, the Q-Q plots of the variables are shown in annexure 1.
Period of the Study
The sample period starts from January, 2004 to February 2014 for classification purposes. Also the data from March 2014 to December, 2015 is used for validation of the model.
Variables Specification
In the proposed model, we considered the winner minus loser (WML), high minus low (HML), and market risk premium (RP) as independent variables.The impact of investor sentiment on momentum effect and value effect is well discussed in literature. In this paper, we will test the effect of investor sentiment on stock returns in Indian market. In the present study, we tried to understand, if the investor sentiment really influences the stock return in Indian market. Before choosing the variables and applying Discreminant Analysis, we first need to classify the nifty return as 'impacted' and 'not impacted'. While there is no definitive method for defining a market return as 'impacted' or 'not impacted' here we have used a method that is simple and objective: if the return of nifty over a given month rose above the average market return, it is considered as 'impacted' by investor sentiment, and otherwise it is classified as 'not impacted' by investor sentiment. Here we have taken monthly Nifty (Index of National Stock Exchange) return as proxy for market return. To obtain the return at the end of each month, we have used the ending price of last trading day for each month. We considered Nifty return as market return proxy, as it represents around 65% of total market capitalization as of May, 2016. NSE is also the largest trading platform for stocks in India.
The return has been calculated by the following formula Return of Stock = Similarly Nifty (t) = Nifty at the t month and Nifty (t-1) = Nifty at the (t-1) month.
We considered the monthly data for the period starting from December 2003 to February 2014. As discussed earlier we have taken dependent variable as 'impact' or 'no-impact' and five independent variables. From Table 5 , we get the discriminant equation (3) as
To calculate the Cutting Score Z for unequal size of two groups we use the formula 2 / ) ( Now from the Discriminant equation as above, if put the values of the variables Risk premium, HML and WML, we will get a score. If the score is more than -0.001, it will be classified as IMPACT otherwise NO IMPACT. 
Classification Accuracy
The classification table helps to assess the performance of the model by cross tabulating the observed response categories with the predicted response categories. The Table 7 shows the comparison of the observed and the predicted performance of the Nifty return and to the extent that it can be correctly predicted. This table measures the degree of success of the classification for this sample. The number and percentage of cases correctly classified and misclassified are displayed. From the above Table 7 it is demonstrated that the companies, which does not get impacted by investors' behaviour. have 83.1% correct classification rate, while companies that got impacted by investors' behaviour have 11.4% correct prediction rate. Overall correct classification was observed in 85.2% of original grouped cases.
Tests of Goodness of Fit
The ranks and natural logarithms of determinants printed are those of the group covariance matrics. In the multi-group model, log determinant values provide an indication of which groups covariance matrices diverge most. For each group, its log determinant is the product of the eigen values of its within group covariance matrix. The rank is the row or column rank which is the maximum number of linearly independent rows or columns. From Table 8 , it is clear that all three variables are linearly independent and all three variables are important for measuring the performance of the index. The present study also estimated the Box's M statistic, which provides useful information about the calibration of the model. Box's M statistic tests the null hypothesis of equal population covariance matrices.
The significance of Box's M statistic is based on an F transformation. The hypothesis of equal covariance matrices is rejected if the significance level is small (less than say 0.10). The hypothesis of equal covariance matrices is not rejected if the significance level is large (more than say 0.10). The test can be significant when within-group sample sizes are large or when the assumption of multivariate normality is violated. Here the value of significant level is very large i.e. 0.373 which implies it is highly accepted. So we can conclude that there is no significant difference between covariance matrices of two populations. So we can classify the two populations by DA. The structure matrix contains within-group correlations of each predictor variable with the canonical function.
This matrix provides another way to study the usefulness of each variable in the discriminant function. Risk premium has the highest correlation with the discriminant scores, followed by percentage increase in HML, and WML.
Validation of the Model
Model validation requires checking the model against independent data to see how well it predicts. Typically, the steps of model fitting start with collecting an independent data set and validating the results on it. To validate our model, we have taken 21 test samples as given in the annexure III. The validation result is given in the Table   10 . The Table 11 shows the comparison of the observed and the predicted performance of the evaluation data set and to the extent that it can be correctly predicted. The 81.81% of the times impact on Nifty return were classified correctly while 80% of the times no impact on Nifty return were predicted correctly. The overall prediction rate is 80.95%. So we can conclude that our model equation can reasonable predict the performance of Nifty by using three predictor ratios.
SCOPE FOR FUTURE RESEARCH AND CONCLUSION
The study employs the multiple discriminant analysis models, to determine whether the sentiment of investors significantly affect the performance of the stock returns We used three proxies finally to represent the investor sentiments. These proxies are Risk premium, High minus low (HML) and Winner minus loser (WML). The study reveals significant impact of investor sentiment on stock returns. The model shows that the three proxies can classify upto 85.2% into two categories 'impact' and 'no impact'. The model is also validated by using monthly data from March, 2014 to December, 2015. The overall prediction rate is 80.95% in case of validation period. This indicates that our model is reasonably good in predicting the future stock market returns by using the investor sentiment proxies.
We identified two important areas for future scope of research. One important point to note here is that the model is structured after deleting the outliars. Therefore, in extreme situations of euphoria or depression, it may be challenging to apply the model most suitably. A further development of this model may be required for capturing the predictability factor at the time of extreme scenarios.
Secondly, we covered the entire period of February, 2004 to January, 2014 in this period. This is a long period that went through both optimistic phase as well as pessimistic phase. A future research may be taken up to explore, if the predictability of momentum effect, value effect, and risk premium varies with prevailing optimism and pessimism in the market. 
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